The assessment of suicide risk is among the most challenging problems facing mental health clinicians, as suicide is the second-leading cause of death among young adults 1 . Furthermore, predictions by both clinicians and patients of future suicide risk have been shown to be relatively poor predictors of future suicide attempt 2, 3 . In addition, suicidal patients may disguise their suicidal intent as part of their suicidal planning or to avoid more restrictive care. Nearly 80% of patients who die by suicide deny suicidal ideation in their last contact with a mental healthcare professional 4 . This status identifies a compelling need to develop markers of suicide risk that do not rely on self-report. Biologically based markers of altered conceptual representations have the potential to complement and improve the accuracy of clinical risk assessment 5, 6 . In this study, we offer an approach for the assessment of suicide risk that uses machine-learning detection of neural signatures of concepts that have been altered in suicidal individuals. This approach capitalizes on recent advances in cognitive neuroscience that use machine-learning techniques to identify individual concepts from their functional magnetic resonance imaging (fMRI) signatures [7] [8] [9] . These fMRI signatures are common and reproducible across neurotypical individuals. Moreover, the signatures can be decomposed into meaningful components. For example, the concept of 'spoon' includes a neural representation of the way it is manipulated (located in motor-related regions), as well as its role in eating (which is represented in gustatory areas, such as the insula and the inferior frontal gyrus) 7 . By contrast, 'house' is represented in regions related to shelter and physical setting or location (the parahippocampal and parietal areas) 7 . This approach has previously been used to detect altered representations in a special population, enabling the discrimination between 17 participants with highfunctioning autism and 17 matched neurotypical individuals with 97% accuracy, based on their neural representations of 16 social interactions (such as to hate or hug) 10 . The current study applies this approach to determine whether the neural representations of positive, negative and suicide-related concepts are altered in a group of participants with suicidal ideation, relative to a control group. If so, are the alterations sufficiently systematic to enable an individual participant to be accurately classified as a suicidal ideator versus a neurotypical control participant? The study also investigates whether there is a classifiable difference among participants with suicidal ideation between those who have attempted suicide and those who have not. Furthermore, the neural signature of the test concepts was treated as a decomposable biomarker of thought processes that can be used to pinpoint particular components of the alteration. This decomposition attempts to specify a particular component of the neural signature that is altered, namely, the emotional component (described in more detail below).
The assessment of suicide risk is among the most challenging problems facing mental health clinicians, as suicide is the second-leading cause of death among young adults 1 . Furthermore, predictions by both clinicians and patients of future suicide risk have been shown to be relatively poor predictors of future suicide attempt 2, 3 . In addition, suicidal patients may disguise their suicidal intent as part of their suicidal planning or to avoid more restrictive care. Nearly 80% of patients who die by suicide deny suicidal ideation in their last contact with a mental healthcare professional 4 . This status identifies a compelling need to develop markers of suicide risk that do not rely on self-report. Biologically based markers of altered conceptual representations have the potential to complement and improve the accuracy of clinical risk assessment 5, 6 . In this study, we offer an approach for the assessment of suicide risk that uses machine-learning detection of neural signatures of concepts that have been altered in suicidal individuals. This approach capitalizes on recent advances in cognitive neuroscience that use machine-learning techniques to identify individual concepts from their functional magnetic resonance imaging (fMRI) signatures [7] [8] [9] . These fMRI signatures are common and reproducible across neurotypical individuals. Moreover, the signatures can be decomposed into meaningful components. For example, the concept of 'spoon' includes a neural representation of the way it is manipulated (located in motor-related regions), as well as its role in eating (which is represented in gustatory areas, such as the insula and the inferior frontal gyrus) 7 . By contrast, 'house' is represented in regions related to shelter and physical setting or location (the parahippocampal and parietal areas) 7 . This approach has previously been used to detect altered representations in a special population, enabling the discrimination between 17 participants with highfunctioning autism and 17 matched neurotypical individuals with 97% accuracy, based on their neural representations of 16 social interactions (such as to hate or hug) 10 . The current study applies this approach to determine whether the neural representations of positive, negative and suicide-related concepts are altered in a group of participants with suicidal ideation, relative to a control group. If so, are the alterations sufficiently systematic to enable an individual participant to be accurately classified as a suicidal ideator versus a neurotypical control participant? The study also investigates whether there is a classifiable difference among participants with suicidal ideation between those who have attempted suicide and those who have not. Furthermore, the neural signature of the test concepts was treated as a decomposable biomarker of thought processes that can be used to pinpoint particular components of the alteration. This decomposition attempts to specify a particular component of the neural signature that is altered, namely, the emotional component (described in more detail below).
Two lines of evidence within the suicide literature motivate the application of this approach to suicidal individuals. First, suicidal patients have demonstrated sensitivity to distinct concept alterations through their performance on behavioural measures. One of these measures is an adapted Emotional Stroop Task that assesses reaction times in response to suicide-related words relative to neutral words 11 ; another measure is an adapted Implicit Association Test that assesses reaction times in response to pairing suicide-related words and self-related words 3 . These studies indicate that people with a history of suicide attempts may represent certain concepts or concept pairs differently than non-attempters. Neural markers of these behavioural patterns have never been tested.
Building on these previous studies, the current investigation uses machine-learning multivoxel analysis, which seeks a pattern of activation values (in a set of voxels distributed across a set of
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Articles Nature HumaN BeHaviour brain locations) that is associated with individual stimulus concepts, and can identify an individual as suicidal or not.
Beyond detecting altered neural signatures of concepts, in the present study we also aimed to detect the emotion component of the neural signatures. To detect these emotion components, we drew on an archive of previously acquired identifiable neural signatures from neurotypical participants 8 . The archive contains nine different types of emotion such as 'sadness' or 'shame' . In the analysis of the current study, we searched for the presence of four of the archived emotion signatures that have previously been detected among suicidal individuals [12] [13] [14] [15] [16] [17] [18] : 'sadness' , 'shame' , 'anger' and 'pride' . We hypothesized that the groups would differ in the degree of presence of these emotion signatures in the neural representations of concepts such as 'death' . We assume that the quality of the emotions is similar between neurotypical and suicidal participants (for example, 'anger' , when it occurs, is similar). The ability to classify individual participants with respect to suicidal risk and to relate their altered activation patterns to altered emotional content associated with specific concepts would provide an interpretable, personalized profile for diagnosis and therapy.
In summary, we test three main hypotheses:
(1) Participants with suicidal ideation will differ from non-suicidal control participants with regard to their neural representations of death-related and suicide-related concepts, to a degree that a machinelearning classifier can accurately determine whether a participant is a member of the suicidal ideator group or the control group.
(2) A similar machine-learning approach will accurately discriminate those members of the suicidal ideator group who have attempted suicide from those who have not.
(3) The neural signatures of discriminating concepts in suicidal ideators will contain different emotion component signatures (that is, have different regression weights in a linear model) than the control group, and these group differences will enable a machinelearning classifier to accurately determine whether a participant is a member of the suicidal ideator group or the control group.
results
The main neurosemantic analyses were performed on two groups of participants: 17 suicidal ideators and 17 healthy controls. The groups were balanced on sex ratio, age, and Wechsler Abbreviated Scale of Intelligence (WASI IQ) ( Table 1 ). The stimuli were 30 concepts (as shown in Table 2 ) that were each presented for 3 s, and were related to either suicide, positive affect or negative affect. The brain locations that contain the main components of the neural representations of the 30 concepts, identified by the presence of stable voxels (those whose responses to the set of stimuli were similar over multiple presentations), are shown in Fig. 1 (see Methods). Six of the concepts and five of the brain locations (Fig. 2) provided the most accurate discrimination between the two groups.
Interpretable, clinically meaningful differences existed between the individuals in the suicidal ideator and control groups, and within the suicidal ideator group, there were differences between the attempters and the non-attempters. The classification procedures identified the concepts and brain locations that were most predictive of the group membership for these two sets of contrasts (that is, suicidal ideator versus control, and attempter ideator versus non-attempter ideator). 
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Neurosemantic classification of suicidal ideator versus control group. A Gaussian Naive Bayes (GNB) classifier trained on the data of 33 out of 34 participants predicted the group membership of the remaining participant with a high accuracy of 0.91 (P < 0.000001), correctly identifying 15 of the 17 suicidal participants and 16 of the 17 controls (sensitivity = 0.88, specificity = 0.94, positive predictive value (PPV) = 0.94, negative predictive value (NPV) = 0.89).
The features of the classifier were the neural representations of the six most discriminating concepts (as described in more detail in Methods). The neural representation of each concept, as used by the classifier, consisted of the mean activation level of the five most stable voxels in each of the five most discriminating locations.
The concepts that most strongly discriminated between the groups were 'death' , 'cruelty' , 'trouble' , 'carefree, ' 'good' and 'praise' . The most discriminating brain regions included the left superior medial frontal area, medial frontal/anterior cingulate, right middle temporal area, left inferior parietal area and the left inferior frontal area ( Fig. 2 and Table 3 ). All of these regions, especially the left superior medial frontal area and medial frontal/anterior cingulate, have repeatedly been strongly associated with self-referential thought (which is consistent with the behavioural findings in suicidal patients reported in 3 ). The separation between the ideator and control groups in the multidimensional scaling of the activation features used by the classifier is shown in Fig. 3 . The distributions of the activation levels in two locations for the 17 ideator participants and 17 controls for the concepts 'death' and 'good' are shown in Supplementary Fig. 1 .
To determine how many and which concepts were most discriminating between ideators and controls, a reiterative procedure analogous to stepwise regression was used, which found the next most discriminating concept at each step. The procedure is further described in Supplementary Information. This procedure identified 'death' as the most discriminating single concept. The concepts that followed in descending order of discriminating ability were 'carefree' , 'good' and 'cruelty' , followed by 'praise' and 'trouble' . To determine how many and which brain locations were most discriminating between the ideators and controls, a similar stepwise procedure was performed.
Because the ideator and control groups differed with respect to other measures besides suicidal ideation, it is useful to demonstrate that the high classification accuracy remains intact after statistically controlling for such differences (namely, differences in Spielberger Anxiety/State, Patient Health Questionnaire (PHQ-9), Childhood Trauma Questionnaire (CTQ), and Adult Self-Report (ASR)). When these differences were statistically controlled for (using methods described in the literature 19, 20 -see Supplementary Information for details), the classification accuracy slightly increased (from 0.91 to 0.94) (sensitivity = 0.88, specificity = 1, PPV = 1, NPV = 0.94), indicating the applicability of the model to groups that differ with respect to these clinical variables beyond suicidal ideation.
An additional quantitative assessment of the generalizability of the model applied a more conservative cross-validation technique.
Instead of training the model on data from all but one participant, this additional assessment left out the data of half of the participants (8 of 17) from each group for testing, and the model was trained on the data of the remaining 9 participants. (Because there are a huge number of ways to leave out half of the participants from each group, 1,000 random selections of such partitionings were performed and the outcomes were averaged.) The classification accuracy remained at a highly reliable level of 0.76, showing that a model based on a much smaller sample of the participants generalizes to the remaining sample, which establishes an added test of the generalizability of the model. Neurosemantic classification of suicidal ideators who have made an attempt versus ideators who have not. Another classifier was able to distinguish, within the group of 17 suicidal ideator participants, those who had previously made an attempt (9 participants) from those who had not (8 participants) . This classification resulted in a high accuracy of 0.94 (16 out of 17 correct, 1 non-attempter misclassified, P < 0.0002, sensitivity = 1, specificity = 0.88, PPV = 0.90, NPV = 1). The concepts that best discriminated between attempters and non-attempters were 'death' , 'lifeless' and 'carefree' . The most discriminating brain regions for this classification were a subset of the regions that discriminated ideators from controls, namely, the left superior medial frontal area, medial frontal/anterior cingulate and the right middle temporal area. The most discriminating concepts and locations were obtained using the same stepwise reiterative procedure (described in Supplementary Information) that was used in the ideator-control classification. The separation between the attempter and non-attempter groups in the multidimensional scaling of the activation features used by the classifier is shown in Fig. 4 . The distributions of the activation levels in two locations for the nine ideators with a suicide attempt and the eight ideators without such an attempt for the concepts 'death' and 'lifeless' are shown in Supplementary Fig. 2 .
Alterations in the emotional content of the neural representations of the discriminating concepts. Neurosemantic signature measures are interpretable activation patterns that contain information Nature HumaN BeHaviour about the thought processes to which they correspond. This makes it possible to analyse the psychological nature of an alteration of a given concept in a clinical population. In the case of suicidal ideation, we postulated that the emotional content of the neural representations of the discriminating words would differentiate between the suicidal ideator and control groups, consistent with previous behavioural findings 11 . In the analysis of the current results, we searched for the presence of four previously acquired emotion signatures ('sadness' , 'shame' , 'anger' and 'pride') 8 within the neural representations of the six concepts that best discriminated between the ideator and control groups. Only four of the nine emotions for which signatures existed were used because a model with all nine emotions (that is, 'sadness' , 'shame' , 'anger' , 'pride' , 'disgust' , 'envy' , 'fear' , 'lust' and 'happiness') would overfit the data (activation levels in five of the most discriminating locations). This particular set of four emotions (that is, 'sadness' , 'shame' , 'anger' and 'pride') were chosen as it resulted in the highest classification accuracy of the two groups. Furthermore, most of these four emotions have been implicated as precursors and motives for suicidal behaviour. Interpersonal discord (that is, 'anger') and embarrassment are two prominent motivations for adolescent suicide attempts 21 . 'Shame' is prominent in studies of male suicide attempters 22 . In a content analysis of more than 1,200 suicide notes, 'sadness' (for example, 'hopelessness' and 'sorrow'), 'anger' (for example, 'anger' and 'blame') and 'guilt' were particularly prominent; although, positive emotions that expressed relief either on the part of the suicide victim or on the intended recipient of the note were common 23 . However, note that, here, our neurosemantic tests probe for the emotional content in the representation of particular concepts (such as 'death'), not for an enduring emotional trait.
The neurosemantic signature of each of the six discriminating concepts was modelled as a linear combination of 'sadness' , 'shame' , 'anger' and 'pride' , with the expectation that there would be group differences in the regression weights of the emotions. Consistent with this expectation, in the suicidal ideator group, the concept of 'death' reliably (t(32) = 2.67, P < 0.012) evoked more (that is, had a higher regression weight for) shame, whereas the concept of 'trouble' evoked reliably more 'sadness' in this group compared with the control group (t(32) = 2.24, P < 0.032). (These t tests are uncorrected for multiple comparisons, to provide an initial overview.) 'Trouble' also evoked reliably less 'anger' (t(32) = 2.78, P < 0.01) and 'carefree' evoked less 'pride' (t(32) = 2.96, P < 0.006) in the suicide ideator group. In general, the negatively valenced discriminating concepts evoked more 'sadness' and 'shame' but less 'anger' in the suicidal ideator group than in the control group.
In ideators who had made an attempt, the suicide-related concept 'death' evoked reliably less 'sadness' (t(15) = 2.91, P < 0.01) than in those who had not made an attempt, and the other suiciderelated concept 'lifeless' evoked reliably more 'anger' (t(15) = 3.58, P < 0.003) than in those ideators who had not made an attempt. Furthermore, in the ideators who had made an attempt, the positive concept 'carefree' evoked reliably less 'anger' (t(15) = 2.34, P < 0.03) than in non-attempters.
These results are generally consistent with previous fMRI findings of altered emotion processing at the neural level (in response to face stimuli) in suicidal participants 24 . To further systematically assess the emotion signature group differences, the emotion signature weights were used as features of a classifier that attempted to identify group membership.
Identification of group membership on the basis of emotion signature differences in the distinguishing concepts. We investigated whether the emotional content of the neural signature of a concept could indicate whether a given participant was an ideator or a control participant, or, within ideators, whether they had made an attempt. The features that were used in this classification were the regression coefficients in the model previously discussed, indicating the degree of presence of each of the emotion signatures in their neural representation of each discriminating concept (for example, how much 'shame' was present in a participant's neural representation of 'death').
The GNB classifier correctly identified the group membership (ideator or control) of the 34 participants with 0.85 accuracy (14 ideators and 15 controls correctly identified, sensitivity = 0.82, specificity = 0.88, PPV = 0.88, NPV = 0.83). (Using the regression weights of only two of the emotions ('pride' and 'shame') resulted in the same classification accuracy (0.85) as using all four emotions.) The distributions of emotion regression weights of 'sadness' and 'shame' in the representations of 'death' and 'good' for the 17 ideator participants and the 17 controls are shown in Supplementary Fig. 3 .
The same approach of using emotion regression coefficients as features was applied to distinguish the nine ideators who had made an attempts versus the eight ideators who had not made an attempt in the set of 17 ideators. Using the regression coefficients of the emotions of the three concepts that best discriminated attempters from non-attempters ('death' , 'lifeless' and 'carefree') as classifier features, it was possible to identify the group membership of the 17 participants as attempters or non-attempters with 0.88 accuracy (eight attempters and seven non-attempters were correctly identified, sensitivity = 0.89, specificity = 0.88, PPV = 0.89, NPV = 0.88). As in the classification above, it was possible to achieve comparable accuracy using only a subset of the predictor variables.
Thus, the alterations of the neural signatures of the discriminating concepts in the ideator group and within the group (the attempter subgroup) can be meaningfully attributed in large part to their evoking of a different profile of specific emotions than in the comparison group. These two classification accuracies based on the emotion signature weights (0.85 and 0.88) were only slightly lower than the classification accuracies directly based on the activation data (0.91 and 0.94). This result indicates that the emotional content is an important way in which concepts are altered in suicidality and in suicidality after attempt, and therefore provides potential targets for therapy. 
Correlations between neural alterations of concept representations and self-report measures of suicidal ideation. The degree of neural alteration of concepts in individual suicidal ideators can be quantitatively assessed and related to the self-reported measure of suicidal ideation. Here, the neural representation for each suicidal ideator participant was the vector of activation levels for the six most distinguishing concepts in the three most distinguishing brain regions (namely, the control group locations shown in Table 3 ). The neurotypical norm to which this measure was compared was the mean of the corresponding vectors averaged across the control participants. The measure of alteration for each suicidal ideator was the distance from this norm (computed as one minus the correlation between the control group mean vector and the vector of the suicidal ideator participant). There was a marginally reliable correlation (r = 0.48, P < 0.051) between the degree of concept alteration and the log-transformed self-reported Adult Suicidal Ideation Questionnaire (ASIQ) measure of suicidality, as shown in Supplementary Fig. 4 .
Locations of the neural representations (clusters of stable voxels)
for the two groups. There was a substantial similarity in neural representation of 30 concepts between the two groups in terms of the involved brain locations, with one large exception. Only the control group had clusters of stable voxels (that is, voxels that have a similar semantic tuning curve across the 30 stimulus concepts in each of the multiple presentations of the stimulus set) in the anterior frontal regions, namely, the superior medial frontal and anterior cingulate areas, whereas the ideator group showed negligible stable activation in these frontal regions, as shown in Fig. 1 . By contrast, the ideator group had more clusters of stable voxels in the left inferior parietal region. These distinguishing brain locations have a substantial role in discriminating between the ideator and control participants based on the neural activation evoked by the discriminating concepts. Notably, the accuracy of identifying which of the 30 stimulus items that the participant was thinking about based on its fMRI signature was similar for the two groups: 0.71 and 0.75 for the suicidal ideator and control groups, respectively. General linear modelling (GLM) univariate analyses of the same groups of participants (17 ideators and 17 controls) as in the main classification failed to show false-discovery rate-corrected or family-wise-corrected significance between groups in the activation patterns for all 30 concepts considered together, nor for various subsets of the concepts, such as the six discriminating concepts, nor for any of the three categories of concepts. By contrast, the multivoxel analyses of the patterns that correspond to individual concepts as described above provided excellent group separability.
Testing the classification algorithm on another sample. The data of 21 additional ideator participants, although excluded from the main analyses because of the lower technical quality of their data, were nevertheless available to use as a test of the generalization of the classifier to another sample. The data quality was measured in terms of the low accuracy of classification of the 30 stimulus items (rank accuracy < 0.60) and the generally greater head-motion parameters (mean maximum = 1.81 mm) than the 17 participants in the main study (mean = 1.27 mm, t(77) = 2.73, P < 0.01). Nevertheless, the classifier developed from the first set of 17 ideators and 17 controls was used, without any modifications, to try to distinguish these 21 suicidal ideators from the 17 control participants with good data quality. As in the main classification, the features of the classifier were the neural representations of the six most discriminating concepts. The neural representation of each concept comprised the mean activation level of the five most stable voxels in each of the five most discriminating locations. The resulting classification accuracy was 0.87 (P < 0.000002, sensitivity = 0.81, specificity = 0.94, PPV = 0.94, NPV = 0.8), replicating the findings from the main analysis. Although high-quality data from both the ideator group and the control group may be necessary for model development, once a model is developed, it can accurately classify suicidal participants with lower data quality. Thus, the findings were replicated on a second sample of ideators, supporting the generalizability of the model.
The model also did reasonably well in identifying concept alterations that were associated with having made an attempt within the excluded 21 suicidal ideators. Those participants who had made an attempt versus those who had not were correctly classified with an accuracy of 0.61 (P < 0.04, 13 out of 21 participants were correctly classified).
These results indicate that the models developed on the basis of the data of participants with less noise in their data can be successfully applied to participants with more-noisy data. However, a model that is developed from the data of either ideator or control participants with noisy data does not discriminate groups well. We attribute such noise to an inability to rigorously sustain attention to the task and to maintain head position in the scanner. The implication is that high-quality data from both the ideator group and the control group are necessary for model development, but once a model is developed, it can achieve accurate identification of suicidal ideator participants with lower data quality.
By testing the performance of the neurosemantic classifier on the additional larger sample of independent ideator participants beyond those who provided the data for the classification algorithm, we provide a replication within this study, thus strengthening support for the generalizability of the model, which applies to all of the recruited participants.
Discussion
The findings from this study provide a biological foundation for altered concept representations in those with suicidal thoughts and recent suicidal behaviour. The differences in the neural representations of concepts enable accurate classification of suicidal ideator versus control group membership, as well as suicidal ideator versus suicide attempter -the latter distinction being one that few risk factors are able to make 17 . These two findings show that suicidal ideation and attempt are associated with measurable alterations in the way a person thinks about death, suicide, and other positive and negative concepts. The recently developed fMRI methods for measuring the neural representation of a concept makes it possible to compare neurotypical to clinical representations of concepts, and within a clinical population, to compare suicidal ideation with and without suicidal behaviour.
The specific concepts that were altered in people with suicidal ideation -'death' , 'cruelty' , 'trouble' , 'carefree' , 'good' and 'praise' -include items from all three stimulus categories: one that is Most of the ideators showed high levels of self-reported depression that is characterized by the 'cognitive triad' , which includes a negative view of self, the world and the future 25 . Pessimism about the future, or hopelessness, has been shown to be correlated with and predictive of future suicidal behaviour above and beyond depression 26, 27 . The observed alterations of specific concepts may be reflecting more general cognitive changes of this type.
The differences in the emotion signature components of the altered concepts provide additional information about the nature of the perspective change. As described above, the concept of 'death' evoked more shame, whereas the concept of 'trouble' evoked more sadness in the suicidal ideator group. 'Trouble' also evoked less anger in the suicidal ideator group than in the control group. The positive concept 'carefree' evoked less pride in the suicidal ideator group. This pattern of differences in emotional response suggests that the altered perspective in suicidal ideation may reflect a resigned acceptance of a current or future negative state of affairs, manifested by listlessness, defeat and a degree of anhedonia (less pride evoked in the concept of 'carefree'). This type of neurally acquired information helps to characterize the disorder as well as provide specific targets for intervention.
The altered perspective seems to be even more clear in the contrast between suicidal ideators who had made an attempt and those who had not, where the most altered concepts were 'death' , 'lifeless' and 'carefree' , which includes two suicide-related concepts and one positive concept. The finding of a meaningful difference between ideators with and without a history of a suicide attempt is consistent with previous findings that show differential reaction times in response to suicide-related words relative to neutral words 11 , and in response to the paired concepts of 'death' and 'self ' versus 'life' and 'self ' 3 . Furthermore, the emotion signature differences show an interpretable pattern. For example, the suicide-related concept 'death' evoked less 'sadness' in the ideators who had made an attempt than in those who had not. The two subgroups of ideators differ in their emotional response to particular concepts.
Those ideators who had made an attempt may have thought of death with less sadness than those ideators who had not, whereas the overall group of ideators experienced more shame than controls when thinking about death. It has been shown that many suicidal ideators vacillate between an attraction to life and attraction to death 28 , and that having moral objections to suicide is protective against engaging in a suicidal act even with suicidal ideation 29 . We speculate that for those who are conflicted about engaging in a suicidal act, the thought of facilitating death is shameful, whereas those ideators who have made an attempt show greater attraction to and acceptance of death, and hence less sadness in thinking about it. This perspective is also consistent with decreased 'anger' associated with the concept of 'lifeless' in ideators with a history of an attempt.
Neuroimaging studies also provide evidence of emotion alteration associated with suicide risk. fMRI studies have found altered processing of angry faces in suicide attempters, and anger and hostility are strongly related to suicidal behaviour 24, 30 , as well as hostility being strongly predictive of suicidal behaviour 31, 32 . More generally, the ability of a machine-learning classifier to make discriminations within the suicidal ideator group indicates the specificity of the neurosemantic assessment approach. The classifier is not simply detecting an abnormality that is likely to be present in many disorders, such as depression. It makes accurate discriminations within the ideator group, distinguishing those who had a previous history of a suicide attempt, and therefore are at higher risk for future suicidal behaviour. Although it is possible that these findings were due to the greater severity of suicidal ideation and depression in past attempters, the specificity of the discriminating concepts 'death' and 'suicide' suggest a possible application of the approach in the assessment of imminent suicidal risk. Moreover, we have identified differences in the emotions experienced by those ideators with and without a history of suicide attempt, such as differences in anger in thinking about death that are not likely to be explained merely by differences in depressive symptoms.
There are several types of evidence indicating that the activation pattern (neural signature) for a given emotion truly indexes that emotion. A study 8 found that, first, the emotion signatures are sufficiently specific to accurately identify which emotion was being experienced. Second, in a validation check of the emotion manipulation (an instruction to drama student participants to evoke a particular verbally named emotion such as shame), a separate condition presented images from the International Affective Picture System that depicted disgust. The classifier trained on the instruction-evoked activation patterns of the emotions correctly identified the emotion evoked by the disgust pictures with 0.91 rank accuracy, indicating the strong similarity of the disgust activation patterns evoked in two very different ways, which provides support for the construct validity of the measure. Third, the neural signatures of the emotions were similar across participants, such that a classifier trained on the emotion signatures of all but one participant could identify the emotions of the remaining participant with 0.71 rank accuracy. This finding of the commonality of emotion signatures across participants indicates the convergent validity of these neural signatures. The current study provides additional evidence for reliability and usefulness of the approach by finding that the emotion signature weights in a concept representation are features that can identify membership in the ideator group. Given the limited previous use of this potentially powerful approach to analysing emotional content from neural signatures, there should be caution concerning the inferences that can be made.
Thus the findings also enable progress beyond stating that one group is measurably different from another. They enable at least part of the difference to be attributed to the emotional component Nature HumaN BeHaviour of a concept representation. Unlike a dictionary definition of a concept, a neural representation includes the emotional response to the concept. Some concepts, such as 'snake' , have long been known to entail an emotional response. The findings here show that certain concepts evoke different emotions in people with suicidal ideation compared with controls, and also evoke different emotions in suicidal ideators dependent on whether they have ever made a suicide attempt. When used as the features of a classifier, these differences in the emotional component in the neural signature of a concept can be used to provide accurate classification of group membership (in both the ideator-control classification and the attempter-nonattempter classification). fMRI capabilities have made it possible to characterize the altered brain activity of a clinical population as having a higher or lower level of activation in a brain region (for example, the anterior cingulate) than a control group during the performance of a task. By contrast, our approach attempts to characterize a network of altered neural activity that constitutes the representation of a concept and the emotion it evokes. At a given brain location, for some concepts, the activation level is higher in the ideator group and for other concepts it is lower. The current study makes an early attempt at relating a pattern of activation values across multiple brain locations to neurotypical and altered representations of particular concepts and their emotional component in a manner that seeks consilience between brain activity and psychological states. At the same time, it remains possible to determine which brain structures are the sites of a clinical alteration.
This study is distinctive in neuroimaging research on suicidal ideation and behaviour because it directly focuses on how suicidal individuals think about various concepts, rather than on responses to tasks that, however salient, do not directly mirror the experience of the suicidal person. This neurosemantic assessment has face validity because those suicide attempters at highest risk and with the highest suicide intent engaged in suicidal ideation because they wanted to die (and therefore thought about suicide as being more attractive) or wanted to escape an impossible situation or feeling state, which might lead to altered responses to various death-related and life-related concepts.
There are several potential benefits of this neurosemantic approach. The identification of differential patterns of regional activation could suggest brain regions to target using brain stimulation techniques, such as transcranial magnetic stimulation or transcranial direct current stimulation 33 . The identification of altered emotional responses to suicide-related concepts could prove very useful to a psychotherapist in trying to improve the patient's attraction to life and decrease the attraction to suicide and death. If these findings have predictive value, then they would also be useful in guiding a clinician's decisions about psychotherapeutic targets and in monitoring overall suicidal risk. The neurosemantic approach can also guide the development of less costly and more easily disseminable methods that can potentially yield similar information, such as electroencephalogram assessment of neural concept representations, as demonstrated for neurotypical participants 34 . Despite its greater cost, this approach might also be effective in highly suicidal individuals who are repeatedly hospitalized for suicidal crises or those who require a higher level of care, such as an intensive outpatient programme.
An unexplored prospective benefit of the approach is its potential to predict imminent suicidal risk. A longitudinal investigation of a larger cohort of individuals with suicidal ideation could repeatedly assess the altered neural representations to determine whether there is a neural signature of an imminent attempt. Such information would be invaluable with respect to the small percentage(that is, 5%) of patients in psychiatric inpatient care who make up almost half of suicides subsequent to discharge from a hospital 35 . In future prospective studies, it would be of great interest to learn whether our neurosemantic assessments are useful in monitoring for current suicidal risk and in predicting future suicide attempts. If so, this approach could be useful for monitoring ongoing suicidal risk and response to treatment.
Study limitations.
Performance of the task requires highly cooperative and focused participants (not everyone can keep their attention intensely focused for 30 min). However, we also showed that the models developed on the less-noisy participants' data can be successfully applied to more noisy data from other participants, which substantially improves the chances for potential clinical applications. Moreover, it may be possible in the future to develop shorter batteries that focus on concepts that are most likely to identify altered responses associated with suicidal risk and that would require sustained attention over a shorter period.
Another limitation is that the current study does not provide a contrast between suicidal ideator and psychiatric control participants who are affected by psychopathology in general. However, the ability to distinguish within the suicidal ideator group between attempters and non-attempters suggests that our classification is more specific and not just related to psychopathology in general. Within its limitations, the current study provides a first step in assessing a psychiatric disorder of the brain and mind that takes both of these facets into account.
Methods
Participants. Participants were 79 young adults who either had current suicidal ideation (n = 38) or were healthy controls with no personal or family history of psychiatric disorder or suicide attempt (n = 41). Exclusion criteria included neurological disorders, anoxia history, head injuries, a Wechsler verbal score of < 80 (ref. 36 ), current use of sedative medication, pregnancy, ineligibility for MRI, psychosis, substance misuse or positive urine drug/saliva alcohol screen.
Assessment. History of suicide attempt (defined as potentially self-injurious behaviour with some non-zero intention of dying) was assessed with the Suicide History Form and Suicide Intent Scale 37, 38 . The severity of suicidal ideation was assessed using the interview-rated Columbia-Suicide Severity Rating Scale (C-SSRS) 39 and the self-reported ASIQ 40 . General psychopathology, depression, anxiety and history of child maltreatment were assessed using the ASR 41, 42 , the PHQ-9 (ref. 43 ), the Adult Spielberger State Trait Anxiety Inventory (STAI-T) 44 and the CTQ 45 , respectively.
Participants in neurosemantic analyses. The neurosemantic analyses below are based on 34 participants, 17 participants per group whose fMRI data quality was sufficient for accurate (normalized rank accuracy > 0.6) identification of the 30 individual concepts from their fMRI signatures. The selection of participants included in the primary analyses was based only on the technical quality of the fMRI data. The data quality was assessed in terms of the ability of a classifier to identify which of the 30 individual concepts they were thinking about with a rank accuracy of at least 0.6, based on the neural signatures evoked by the concepts. The participants who met this criterion also showed less head motion (t(77) = 2.73, P < 0.01). The criterion was not based on group discriminability. The 17 participants selected for the primary data analysis and the 21 remaining suicidal participants did not differ on demographic data, diagnoses, clinical severity of depression, anxiety or suicidal ideation, or history of suicide attempt. The data of the participants with poor data quality were also analysed, as reported in the Results section.
A previous study of autism spectrum disorder using a similar approach 10 used 17 participants with good data quality per group, hence, the target of a similar sample size. Three additional control participants who had also satisfied this criterion were selected at random and excluded to equate the group sizes. The final groups were balanced on sex ratio, age, and WASI IQ. Participants in the suicidal ideator group were significantly more symptomatic than the control group on almost all other measures, as shown in Table 1 . There were no systematic differences between the 17 ideators whose data were used in the neurosemantic analysis and the 21 participants whose data were excluded, other than the poor classification accuracy on the 30 concepts. We attribute the suboptimal fMRI data quality (inaccurate concept identification from its neural signature) of the excluded participants to some combination of excessive head motion and an inability to sustain attention to the task of repeatedly thinking about each stimulus concept for 3 s over a 30-min testing period. Despite their exclusion from the main neurosemantic analysis, we show that there is valuable information in the fMRI data of the excluded suicidal ideator participants. The comparison of self-report data between the 34 participants included in the neurosemantic analyses and the remaining (excluded) participants is reported in Supplementary Information.
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The study protocol was approved by the University of Pittsburgh and Carnegie Mellon University Institutional Review Boards. All participants gave their informed written consent.
Stimuli. The stimuli were three groups of ten words each, half of which were nouns and half were adjectives related to: (1) suicide (for example, 'death' and 'overdose'); (2) negative affect (for example, 'sad' and 'gloom'); and (3) positive affect (for example, 'happy' and 'carefree') as shown in Table 2 . The set of 30 stimulus items was presented 6 times, in different random orders. Each item was displayed for 3 s followed by a 4-second blank interval to allow for the delay in haemodynamic response. Long fixation intervals of 17 s were included periodically to provide an activation baseline. The stimuli were displayed in white font and centred on a black background.
Task instructions. Participants were asked to actively think about the concepts to which the stimulus words refer while they were displayed, thinking about their main properties (and filling in details that come to mind) and attempting consistency across presentations.
Image acquisition and preprocessing. The fMRI data were acquired on a Siemens Verio 3.0 Tesla scanner (20 slices, voxel size 3.125 × 3.125 × 5 mm 3 , repetition time 1 s). The data were preprocessed and converted to a standard Montreal Neurological Institute (MNI) space using SPM8 (Wellcome Department of Cognitive Neurology), and a single mean value was computed for each voxel and stimulus item (see Supplementary Information for details) .
fMRI data analytic approach. Three analyses are described here: (1) selecting voxels with stable semantic tuning curves; (2) spatial clustering of the stable voxels at the group level to determine the brain locations that contain the neural representations of the concepts; and (3) developing a resulting machine-learning classification model from the reduced data and attempting to classify the group membership of participants using the model.
1.
Selecting voxels with stable semantic tuning curves. These analyses focus on a subset of all the voxels (each ~50 mm 3 ) whose semantic tuning curve of activation over the set of stimulus items is stable across the multiple presentations of the set of items (see Supplementary Information for details).
2.
Obtaining group-level clusters of stable voxels. A fixed number of the most stable voxels are selected in each participant (excluding bilateral occipital lobes), and a group hit map is computed and thresholded by the number of contributing participants and spatial proximity (see Supplementary Information for details) . The clusters of stable voxels in the group hit maps indicate where the set of neural representations (including all of the concepts) are located for the two groups, as shown in Fig. 1 . Preliminary testing identified which of the clusters best discriminated between the two groups (see Supplementary Information). The features of the classifer included voxels in clusters that are common between the two groups as well as voxels from unshared clusters.
3.
Machine-learning methods. Machine learning entails training a classifier on a subset of the data and testing the classifier on an independent subset. The crossvalidation procedure iterates through all possible partitionings (folds) of the data, always keeping the training and test sets separate from each other. The main machine learning here uses a GNB classifier (using pooled variance). The main type of classifications performed in this study was a group membership classification that assigned each participant to one of the two groups: (1) the accuracy was the proportion of correctly classified participants, and significance levels were obtained using a binomial distribution, and (2) the identification of which of the 30 concepts a participant was thinking about; in this case, rank accuracy was computed (see Supplementary Information for details) and compared to a chance level of accuracy obtained by random permutation testing.
The main reason that classification was used rather than the GLM is that classification is multivariate, whereas GLM uses univariate analysis of fMRI data (assessing each voxel independently). The phenomena of interest here (and in many fMRI studies of cognition) are inherently multivariate, in the sense that such cognitively related phenomena typically occur in several different voxels or voxel clusters that do not need to be proximal to each other. In particular, the neural representations of individual concepts such as 'apple' or 'death' correspond to activation in a set of spatially distributed voxel clusters, and the groups here differ in the collective pattern of activation levels in these spatially distributed voxels. GLM, because of its univariate nature, fails to assess the collective pattern and the group differences in the collective pattern. By contrast, the features of the classifier are the set of activation levels of a set of spatially distributed voxels. Many other studies have shown greater sensitivity of classification over GLM where the phenomena of interest consist of a spatially distributed pattern of activation.
Group membership classification. Two types of group membership classification were performed: (1) suicidal ideator versus control group, consisting of 17 participants in each group, and (2) within the suicidal ideator group, attempters (n = 9) versus non-attempters (n = 8). Both types of classification were based on fMRI data in the sets of group-level stable clusters that were identified for both groups.
The features used by the classifier to characterize a participant consisted of a vector of activation levels for several (discriminating) concepts in a set of (discriminating) brain locations. To determine how many and which concepts were most discriminating between ideators and controls, a reiterative procedure analogous to stepwise regression was used, first finding the single most discriminating concept and then the second most discriminating concept, reiterating until the next step reduced the accuracy. A similar procedure was used to determine the most discriminating locations (clusters). The procedure is further described in Supplementary Information. The activation level in each brain location was computed as a mean activation of the five most stable voxels in that location. The classifier was trained on the data of all but one participant, and the group membership of the remaining participant was predicted.
In addition to group membership classification based on the neural representations of the stimulus concepts themselves, another classification was based on the emotional content of the neural representations of the discriminating concepts. The activation of the discriminating concepts was represented as a weighted sum of activation vectors that characterized the involvement of four emotions: 'sadness' , 'shame' , 'anger' and 'pride' . Each participant was characterized by a vector consisting of the weights associated with these emotions for each discriminating concept, and the group membership of participants was classified using a machine-learning procedure similar to the one described above (see Supplementary Information for details).
Classification of 30 concepts. This procedure attempted to identify which of the 30 concepts a participant was thinking about, given an independent sample of its neural signature. This measure provided an index of the inconsistency or noise level in the neural signature data from a participant.
Life Sciences Reporting Summary. Further information on experimental design and reagents is available in the Life Sciences Reporting Summary.
Code availability. The custom computer code that was used in the main analysis of this study is available from the corresponding author upon reasonable request.
Data availability. The de-identified data that support the main findings of this study are available from the corresponding author upon reasonable request. The sample size for the main analysis (17 suicidal ideators and 17 controls) matches the sizes used in our previous study (Just et.al, 2014) . The high accuracy of the group membership classification (91%) indicates that the sample size was sufficient.
Data exclusions
Describe any data exclusions. The data from 21 suicidal ideators and 24 controls were excluded from the main analysis on the basis of the pre-established minimal accuracy (0.6) of identifying which of the 30 words the participant was thinking about. The data for excluded suicidal ideators was included in the further analyses.
Replication
Describe whether the experimental findings were reliably reproduced.
The results of the main analysis were replicated for the initially excluded suicidal ideators.
Randomization
Describe how samples/organisms/participants were allocated into experimental groups.
The suicidal ideator participants were recruited from a clinically verified population with current suicidal ideation. The control group was recruited from the community with the stipulation that there was no personal or family history of psychiatric disorder or suicide attempt.
Blinding
Describe whether the investigators were blinded to group allocation during data collection and/or analysis.
The investigators were not blinded to the group membership of participants; however, the machine learning classifier was not given the group membership information for the test participant.
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Statistical parameters
For all figures and tables that use statistical methods, confirm that the following items are present in relevant figure legends (or in the Methods section if additional space is needed).
n/a Confirmed
The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement (animals, litters, cultures, etc.)
A description of how samples were collected, noting whether measurements were taken from distinct samples or whether the same sample was measured repeatedly A statement indicating how many times each experiment was replicated
The statistical test(s) used and whether they are one-or two-sided (note: only common tests should be described solely by name; more complex techniques should be described in the Methods section) Describe the software used to analyze the data in this study.
Matlab version R2014a SPM8 Custom Matlab code (most of this code was used in the previously published studies)
For manuscripts utilizing custom algorithms or software that are central to the paper but not yet described in the published literature, software must be made available to editors and reviewers upon request. We strongly encourage code deposition in a community repository (e.g. GitHub). Nature Methods guidance for providing algorithms and software for publication provides further information on this topic.
Materials and reagents
Policy information about availability of materials
Materials availability
Indicate whether there are restrictions on availability of unique materials or if these materials are only available for distribution by a for-profit company.
No unique materials were used.
Antibodies
Describe the antibodies used and how they were validated for use in the system under study (i.e. assay and species).
No antibodies were used. 30 concepts were presented in 6 blocks, each block in a different random order. Each concept was displayed for 3 sec followed by a 4 sec blank interval. 17 sec long fixation intervals were included periodically to provide an activation baseline 3. Describe how behavioral performance was measured.
The behavioral performance was not measured during the experiment; the performance was estimated by the sufficiently high accuracy of the machine learning classifier that identified which of the 30 concepts the participant was thinking about. No diffusion MRI was acquired.
State area of acquisition.
The acquisition matrix covered all of the cerebrum.
Preprocessing
6. Describe the software used for preprocessing. fMRI images were preprocessed with SPM8 (Wellcome Dept. of Cog. Neurology). The images were slice-timing-and motion-corrected, and spatially normalized to the MNI template without changing voxel size (3.125 x 3.125 x 6 mm) 7. Normalization a. If data were normalized/standardized, describe the approach(es).
Non-linear normalization to the functional MNI template b. Describe the template used for normalization/ transformation.
MNI305
8. Describe your procedure for artifact and structured noise removal.
Motion parameters were estimated and corrected in original subject's space 9. Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.
The main analysis was performed on activation in the clusters of stable voxels. These clusters were identified algorithmically based exclusively on the training data inside the cross-validation folds.
Statistical modeling & inference 10 . Define your model type and settings. Multivariate analysis using machine learning classifier (Gaussian Naïve Bayes) 11 . Specify the precise effect tested. The main effect tested was the ability to identify group membership of a participant (suicidal ideator or control), based on the fMRI activation during processing of discriminative concepts.
12. Analysis a. Specify whether analysis is whole brain or ROI-based. Whole-brain analysis restricted to the clusters of stable voxels that were identified algorithmically using the training data.
b. If ROI-based, describe how anatomical locations were determined.
No anatomical ROIs were used.
13. State the statistic type for inference.
(See Eklund et al. 2016 .)
The classifier performance was compared to the accuracy expected by chance (obtained using binomial distribution or random classifier).
14. Describe the type of correction and how it is obtained for multiple comparisons.
The main analysis uses cross-validated machine learning classification that does not require statistical correction.
15. Connectivity a. For functional and/or effective connectivity, report the measures of dependence used and the model details.
No connectivity analyses were performed.
b. For graph analysis, report the dependent variable and functional connectivity measure.
No graph analyses were performed.
16. For multivariate modeling and predictive analysis, specify independent variables, features extraction and dimension reduction, model, training and evaluation metrics.
In the main analysis, the independent variables (features) were the activation levels for a number of (discriminating) concepts in a set of (discriminating) brain locations. The classifier was trained on the data of all but one participant, and the group membership of the left out participant was predicted. The main evaluation metric was the accuracy of the classification.
